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] Coupons allocation

e (=

Requirements:

1. Maximizing users’ retention

2. Prevent the cost from
exceeding the budget

3. Respond quickly to the
changing business strateqgy

(b) The App screen view of
the daily check-in scenario of
Taobao Deals

(a) The App screen view of the
main page of Taobao Deals
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| Previous work

Uplift model

v Predicting the uses’ retention intent after receiving different coupons
Method: Logistics regression, Gradient boost decision tree

v Action selection of coupons allocation
Method: Linear programming

Disadvantages

v Aim to maximize the benefit in one day
v" Ignore the future benefits in making decision

The graph comes from “Google Research Football: A Novel Reinforcement Learning Environment™ [AAAI'2020]
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v' Maximize the benefits during
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one episode of days Train the policy in an oftline manner
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| Ourwork

Budget constrained oftline reinforcement

learning and evaluation with A-
generalization (BCORLE(A))

Resemble batch- Random ensemble
constrained Q- mixture evaluator
learning (R-BCQ)

A-generalization
method
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| Problem formulation

Objective function

T
maxrern J(m) = Eror [§ 10 viry
Subject to

C(m) = Brmurpu | Timgv'er| <b

Convert to Lagrangian problem
v

Objective function

maxren L(m,A) = J(w) — A(C'(7) — b)
Subject to
A>0




| Theorem analysis

Assumption 1. There exists a policy 1 that satisfies the constraint C(z)<b

Assumption 2. Given A, and A, , if C(x3,) = C(x3},), then J(=3,) = J(n3,), where
Ty = argmax; L(m, Aq) and Ty, = arg maxg L(m,Ap) .

Assumption 3. There exists A, and A,, making the condition C(r3,) <b and
C(r3,) > b hola.

Theorem 1. C (=}) is monotonically non-increased with the increase of A, i.e.,
It Aa < X, thenC (n5 ) > C (73,) .

Theorem 2. Under Assumption 2 and Assumption 3, their exists an optimal
Lagrangian multiple variable \* which can make its corresponding optimal

policy my. maximize the objective function J(tt) while satisfying the budget
constraint.




| Our approach: BCORLE(A) framework

GfEiﬂE lz_'ulj,.:}' Learned Policy Offline Policy Evaluated Value
F— : : : Evaluation -
Method T Train ptimal pelicy with A Method L fram
(R-BCQ) Linear Combination = — — — — — g 1‘ (REME) Linear Combination [
/ T k\ | Choose A which satisfies / T ‘\
Head | Head 2 HeadH JI E,[¢(m(s.4))] € [b - 8.b] Head 1 Head 2 HeadH + -
- — — —| ; ; — — — —
| | Policy Evaluaton _
Learning network | Evaluation network
Sar‘s i | T —
bt T t t Collective t t A e
ST L i | L 5arts i
s e Sate All Lambda — I i HEENN
- Generative B 4 All Lambda  State < SUNNENEN &5
| N~ — = T 1T 1 1
e mode Evaluated I - .
logged A-Genelization Pali i
"‘ ¥ Offline logged
All actions data

)7 FXALE

XI'’AN JIAOTONG UNIVERSITY




] A-Generalization

transformed

Lagrangian problem .

L(m,A)=J(m)—=A*(C(m)—0b))

RL problem
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] A-Generalization

1. Enlarge the transition tuples

.:"u'
(Si:- ﬂu?’*nﬂnﬂiﬂ) _ {(Sn ﬂz‘;?’*z—jﬂfn Si+1s }‘j)}

Where Aj - {Al})\g,...,AL}

2. Enlarge the training datasets

DD = {(Si}ﬂ-i} Tijci13i+l)}$i1
}l\/
D' = {(Snﬂz‘;ﬂ-jaEi15i+1})‘j)}££1,1

3. Train the policy with different values of A

L

J=1

Optimal policy
with A

A

E;[C(n(s.2))] € [b— &.6]?
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Policy Evaluation

*

Policy Leaming

f

Update Lambda

Existed method

Optimal policy
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Policy Evaluation
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Policy Learning
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A-genelization

Our method
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] Policy training: R-BCQ

v A generative model G(als, \; w) to drop state-action pairs which seldom
appear In training dataset when selecting action. It is proposed to address
the mismatch problem which causes that the estimated value of some
state-action pairs deviate greatly from the true value.

v A multi-head network is employed to increase the robustness and
generalization ability of the policy learning network and avoids the Q-value
estimation bias problem, compared with common one-head network.

v’ Learned policy:
(s, \) = arg max Z a;Q; (s,a, \)

a|G(als,Aw)/ maxg Gld|s,\w)>53

v' Policy training:

L(0)=E, , ¢ xwp |ls (T‘A + max Z ;Q;' (s’ a", ) — Z ; Q; (S,[I..,)k})

a’'|G(a’|s")/ max G(a|s')>3




| Policy evaluation: REME

v' Employing the policy i when calculating the target evaluated value, unlike
using the max operator in the policy learning.

v A multi-head network is employed increases the robustness and
generalization ability of the policy evaluation network.

v The update of policy evaluation network:

L(0) = Eq,a,r,s' A~D" [ (’r‘+qu ;i Qi (s (s, A Z @i Qi (s,a, \) )]







| Experiment methodology

Studied problem:

v Does A-generalization method help to reduce the computation
overhead of policy training?

v' How does BCORLE(A) framework with R-BCQ algorithm perform in

comparison to other state-of-the-art offline RL algorithms®

v' How does REME algorithm perform in comparison to other OPE
algorithms??

v' How do different values of A in A-generalization method affect the
performance of proposed approach?




] Simulation experiments

Aim;
ensure there is no risk or unaffordable cost when using the proposed method.

Setup:

v' 10000 users

v Each user will receive a coupon after logging

v Each user logs into the simulation platform according to the user preference
v Time span : 30 days

v Action type : 21 items of coupons

v Avalues: 0, 0.05,0.1, ...,0.95,1.0

v' Reward : 1 when the user logs into the platform, O else.




] Simulation experiments
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(¢) The comparison results of ROI




] Real-world experiments

Real-world platform:

Taobao Deals, which is a mobile shopping app launched by Alibaba Group in 2020 with
over 10 million daily active users.
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Datasets: over 2 million users’ daily check-in records
Time span : 14 days from March 9th to March 22nd.
Action type : 13 items of coupons
The length of one episode : 7 days

Avalues : 0, 0.05, 0.1, ..., 0.95, 1.0

Reward : O when the user logs into the platform, -1 else
Budget : 4.1 Yuar
The value of 0 : 0.1 Yuan
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] Real-world experiments

— Lambda Selection

" ——— OPE Errors of  Errors of
6 REM Method Avglogins  AvgCost
— R-BC
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Selecting the policy with A value The errors of evaluated values
Results in first week Results 1n second week
Method Avelogi AveC ROI Avel ogi AveC ROI
veLogins veCost veLogins veCost
(Days) (Yuan) (Days/Yuan) ROT Imp (Days) (Yuan) (Days/Yuan) ROI Imp
LR+LP 5.0416 4.0628 1.2409 0 5.3099 4.0684 1.3052 0
GBDT+LP 5.0442 4.0776 1.2371 -0.31% 5.3802 4.0756 1.3201 1.14%
BCQ 5.6832 4.0740 1.3950 12.42% 5.8789 4.0698 1.4445 10.67%
REM 5.7108 4.0644 1.4051 13.23% 5.9092 4.0729 1.4509 11.16%
R-BCQ 5.8252 4.0654 1.4329 15.47% 5.9871 4.0528 1.4773 13.18%

The online results in Taobao Special Offer Edition app during two weeks.
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| Recruitment Information

Alibaba Group
o BEEEH

Welcome to Join Us

Algorithm Team in Alibaba Group

Contact: xiaoming.Ixy@alibaba-inc.com
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